This paper presents a data-driven optimization-based approach to allocate chargers for battery electric vehicle (BEV) taxis throughout a city with the objective of minimizing the infrastructure investment. To account for charging congestion, an M/M/x/s queueing model is adopted to estimate the probability of BEV taxis being charged at their dwell places. By means of regression and logarithmic transformation, the charger allocation problem is formulated as an integer linear program (ILP), which can be solved efficiently using Gurobi solver. The proposed method is applied using large-scale GPS trajectory data collected from the taxi fleet of Changsha, China. The key findings from the results include the following: (1) the dwell pattern of the taxi fleet determines the siting of charging stations; (2) by providing waiting spots, in addition to charging spots, the utilization of chargers increases and the number of required chargers at each site decreases; and (3) the tradeoff between installing more chargers versus providing more waiting spaces can be quantified by the cost ratio of chargers and parking spots. This paper presents a data-driven optimization-based approach to allocate chargers for battery electric 2 vehicle (BEV) taxis throughout a city with the objective of minimizing the infrastructure investment. 3
Introduction 1
Replacing conventional gasoline vehicles (CGVs) with alternative fuel vehicles, such as battery electric 2 vehicles (BEVs), offers an appealing chance to reduce greenhouse gas (GHG) emissions and other 3 harmful pollutants in highly populated urban areas (Buekers et al., 2014; Yuksel and Michalek, 2015) . 4 However, the fear that the vehicle has insufficient range to reach the destination, referred to as range 5 anxiety, has been shown to be a significant obstacle to market acceptance of BEVs (Neubauer and 6 Wood, 2014; Rauh et al., 2014) . One way to mitigate range anxiety is through the deployment of public 7 charging infrastructure, but high costs of equipment and installation limit the coverage of the charger 8 network (Agenbroad and Holland, 2014; Peterson and Michalek, 2013; Schroeder and Traber, 2012). 9
Thus, it is vital to place and size new charging stations based on charging demands, so as to best utilize 10 limited resources. 11
Various facility location models have been proposed to optimize the layout of hydrogen or gas traveled some extra distance to reach the charging station due to limited accessibility, creating an even 24 worse user experience. Detours and waiting times for charging hinder the adoption of BEVs. If BEVs 25
can be charged during their dwell time without behavioral changes-that is, if the time between two 26 consecutive trips can be utilized for charging-consumers are more likely to adopt the BEV technology. 27
In this paper, we investigate the following problem: given daily travel and dwell patterns (including 28 dwell locations, dwell time, and arrival rates) of a fleet of taxis, determine where to deploy new charging 29 stations and how many chargers to install at each station. The objective is to minimize the overall 30 infrastructure investment while satisfying the charging demand. Dwell patterns of potential BEVs are 31 derived from trajectories of over 7,910 taxis whose travel activities were recorded for one week. In 32 particular, to account for charging congestion, an / / / M M x s queueing model is adopted to estimate 33 the waiting time and the fraction of customers who are turned away. The probability that electric taxis 34
can be charged at their dwell places during the day is considered as the model constraint, and the 35 objective is to minimize the total cost of building charging stations and installing chargers. In general, 36 optimizing the performance of queue systems is a difficult problem because of the nonlinear relationship 37 of the performance metrics as functions of the arrival and service rates, and the computational time 38
increases exponentially with the size of the problem (Bertsimas et al., 1994; Mung et al., 2002) . In the 39
proposed charger location problem, hundreds of charging stations need to be sited in the city, and 40 multiple chargers need to be assigned to each station. Thus, solving the nonlinear mixed integer program 41 is computationally demanding. An approximation method is presented to transform the formulation to 42 an integer linear program (ILP), which can be solved efficiently. In summary, the main contributions 43 of this paper include the following: (1) develop queueing models to describe charging congestion based 44 on taxis' dwell patterns observed from GPS tracked trajectory data; (2) formulate the charger allocation 45 problem as an integer linear program, considering charging congestion phenomenon; and (3) investigate 46 the tradeoff between installing more chargers versus providing more waiting spaces and the impact of 47 charger power on waiting time. 48
The rest of the paper is organized as follows. Section 2 presents an overview of related work, 1 followed by problem statement and assumptions in Section 3. Charging congestion is another concern of this paper. The waiting time may be significant if all 31 the chargers are occupied during the peak hours, especially at the popular dwell sites. Hosseini and 32
MirHassani (2015) developed a recharging station location model with queue considering capacity, 33 recharging time, and waiting time, and solved the problem using a heuristic algorithm. In the context 34 of predicting EVs' charging demand and its impacts on power grid, the charging congestion effect is 35 modeled using queueing theory. In Ghamami et al. (2016) the average waiting time for charging was 36 computed using deterministic queueing theory. The most widely-adopted queueing model is / / M M s, 37 assuming that both BEV arrival rate λ and charging service rate µ follow Poisson distributions and 38 that a vehicle will join the queue no matter how long the queue is (Akbari and Fernando, 2015; Bae and 
44
Due to the computational complexity of larger-scale network optimization, little research has been 45 done to study the problem of siting and sizing charging stations simultaneously considering charging 46 congestion. This paper presents a data-driven optimization-based approach for charging infrastructure 47 planning using extensive vehicle activity data. 48
Problem statement and assumptions 1

Problem statement 2
Given a set of candidate sites for installing public charging stations {1, 2, , } N = J  that are favorable 3 dwell places of taxi drivers, a set of BEVs {1, 2, , } M = I  that need to be charged at public charging 4 stations at least once a day, and the probabilities that BEVs can be charged during dwell time without 5 travel pattern changes, the problem is to find optimal locations of charging stations and optimal 6 assignment of chargers to each station, so as to minimize the total investment of public charging 7 infrastructure. 8
The charging demand is estimated based on vehicles' dwell patterns extracted from GPS 9 trajectories of taxis in Changsha, China, collected from 0:00 on October 8, 2015, to 23:59 on October 10 14, 2015 (local time). By the end of 2014, there were 7,957 taxis operating in Changsha. It is required 11 by the local government that GPS devices are installed on all taxis for monitoring purpose. Thus, the 12 dataset includes the entire taxi fleet in Changsha, with some missing data due to data collection and 13 transmission errors. A GPS signal is captured roughly every 10 seconds for each taxi. The data include 14 time-stamped location (i.e., longitude and latitude), spot speed, azimuth, and operational status (i.e., 15 empty or occupied). All trajectories were cleaned by removing invalid points caused by data recording 16 or transmission errors. 17
The study area is partitioned into a number of equal size cells first. Each cell has a quadrate edge 
36
A taxi with complete whole-day consecutive trip records is considered a valid sample. Identified 37 from GPS trajectories, there are 53,092 valid taxis with 185,404 dwell events occurring at the selected 38 666 cells over the one-week period. During the dwell time, taxi drivers usually have a meal, change 39 shift, or refuel the vehicle. Fig. 3 shows the number of dwell sites at which one driver would dwell in a 40 day. 15.86% of the taxis dwell at the same sites during the day. For taxis that dwell at multiple sites, if 41 they are turned away at one site, it is possible for them to be charged at the next dwell location. Thus, 42 the allocation of chargers can be optimized based on taxis' dwell patterns. 43
Place Fig. 3 is greater than x , the arriving BEV will be rejected if the maximum system capacity is reached; 10 otherwise, it will wait in line for service. We denote this queueing system as
is the maximum number of customers that can be accommodated in the system (i.e., number of chargers 12 plus number of waiting spaces). The maximum queue size, K x − , can be considered as the number of 13 parking spaces provided for customers waiting for a charger. It is assumed that, for the
queueing system, every five chargers are equipped with one parking spot for waiting. Thus, the system 15 capacity can be computed by Eq. (1), where the parameter δ is set as 5.
(1) 17
Service time 18
Service time, or charging time, varies based on the type of chargers. In addition, BEV drivers might not 19 move their vehicles until they finish their dwell activities even if the battery is fully charged. Therefore, 20 the average service times at cell j , denoted as j t (unit: day), are estimated in two ways: (1) Drivers
21
are assumed to move their vehicles when they depart; that is, the service time is estimated based on the not all the charging power can be directly transferred to battery energy, and a portion of the power is 25 lost during the charging process. Let α denote the charging efficiency. In this paper, we set α as 1. what the SOC is after charging, in case (1) BEVs are assumed to be unplugged and removed from the 34 charger when their dwell time runs out, and in case (2) BEVs will be unplugged as soon as the assumed 35 service time runs out. 36
Charging demand 37
The sites where taxis frequently dwell are likely to have ample parking spaces to install chargers and 38 thus are selected as candidate sites. The number of average daily dwell events occurring at these 39 locations can be derived from the GPS trajectory data. In this paper, the average daily charging demand 40 (i.e., daily arrival rate) of cell j , denoted as j λ (unit: veh/day), is assumed to be the average number 41 of daily dwell events occurring in the cell. At an early market with a small number of BEV taxis on the 42 road, the charging demand is likely less than the number of dwell events. As the number of BEVs on 43 the road increases, the demand for dwell charging increases too. In particular, Beijing has recently 44 announced that all internal combustion engine (ICE) taxis will be replaced by BEVs by 2020 (3)). The probability of BEV i being charged
24
at least once in a day during its dwell events is then 1 i W − .
The tradeoff between BEVs daily reject rate and charger network coverage is as follows. If
it is impossible for BEV i to take the dwell time for charging during the day because there is no
28
charging station wherever it dwells. Therefore, it has no choice but to detour for charging, which 29 increases BEV drivers' cost. As to BEV taxis, detour charging not only leads to extra travel distance 30 but also reduces the daily operating time and decreases taxi drivers' revenue. If 
where ρ is the ratio of arrival rate λ and service rate µ , and s ρ is the average utilization of the
Thus, the reject rate at cell j (namely, j R ) can be expressed as 10
The daily reject rate i W can be calculated using Eq. (2)-(7). Define max r as the maximum 12 allowable daily reject rate for each BEV (i.e., the probability that BEVs cannot be charged at any of the 13 dwell places during the day). The service quality constraint dominant cost, installation is the major contributor to public station cost (60% to 80% of total) 27 (Agenbroad and Holland, 2014). To minimize the investment, the total cost can be expressed as 28 
Solution method 6
Optimizing the performance of queueing systems is a difficult task because of the nonlinearity of the 7 performance metrics as functions of the arrival and service rates. In general, the computational time 8 scales exponentially with the problem size. It is computationally demanding to solve the proposed 9 model with 666 queueing systems in the network. Note that the reject probability of an
system is a posynomial function, which has convexity properties (Mung et al., 2002) . After a 11 logarithmic transformation, a global optimum solution can be found efficiently. Therefore, the 12 optimization model is reformulated into an integer linear program (ILP). 13
Regression 14
Assuming the reject rate near Huanghua Airport, is one of the most popular dwell sites and generates 1,540 dwell events daily 27 on average. Obviously, the busier the station is, the more chargers need to be installed so as to satisfy 28 the charging demand. 29
Place Table 1 
Logarithmic transformation 32
Using the regression models, Eq. 
19
The similar system utilization leads to similar configuration of charger layout, which will be further 20 illustrated in Section 5. 21
Since constraint Eq. (11) is a logic constraint where j y is binary and j x is a positive integer, a 22
Big-M reformulation is used to convert it into an internal mixed-integer problem. The reformulation is 23 illustrated in Eq. (15) 
Integer programming solver 27
The optimization model is formulated in a standard form of ILP as follows: as the solver. The time spent solving such an optimization problem is about 0.67 seconds running on a 10 personal workstation with 3.50 GHz CPU and 16GB of RAM. 11 smaller system utilization. Additionally, the selected cells are not the only charging opportunity for any 31 BEV taxis; the BEVs that dwell there can be charged at other candidate sites. As mentioned in section 32 4.2.2, we assume there is a positive correlation between the coefficients b and number of chargers.
Results 12
Charging station siting 13
33
Obviously, the coefficients b of excluded cells are much smaller than those of selected cells.
34
Place Table 2 powers. By increasing the service rate ( i.e., increasing the charging power) or decreasing the reject rate 38 requirement, a lower number of chargers is required to satisfy the charging demand. As mentioned 39 earlier, the assumptions of 0 µ µ = and µ =12 veh/day result in similar service rates; thus, the 1 number of required chargers is close in these two scenarios. For a BEV with a range of 200 km and an 2 electricity consumption rate of 0.2 kWh/km (e.g., BYD E6), AC Level 2 chargers with an effective 3 charging power of 20 kW are recommended, assuming the BEVs stay plugged in until their dwell time 4 runs out. Since it takes about 2 hours to fully charge BEV-200km with AC Level 2 chargers, the service 5 rate µ is about 12 veh/day. The other observation is that, when using a lower power charger, the r =5%) to 423 (with max r =25%), while the fluctuation of slow chargers 8 is not significant. This happens because, with the slow chargers, waiting spots are occupied for longer 9 times compared to fast charging systems and are not influenced by the reject rate. Due to the higher 10 turnover rate of waiting spots in fast charging systems, especially when fewer chargers are required 11 with max r =25%, more waiting space helps to reduce the possibility of BEVs being turned away.
12
Place Fig. 10 about here 
13
The allocation problem for charging facilities is different from that for gas or hydrogen stations. 14 For charging facilities, the question is whether or not the facility should be equipped with more chargers 15 or with enough parking spots for waiting. In general, it depends on the price of one charger (denoted by 16 it costs more to install chargers than to provide waiting space given the same required reject rate; 23 otherwise, deploying more chargers is preferred. Table 3 lists the values of 0
scenarios. In particular, we assume one parking spot costs ￥40,000 during a charger's life-cycle, 25 chargers associated with µ =48 cost ￥120,000, and chargers associated with µ =8 cost ￥4,000.
26
Hence, it is suggested to provide more waiting spots when fast chargers are deployed since β =300% This paper presents a data-driven optimization model to allocate charging stations and chargers 2 throughout a city with the objective of minimizing overall investment. The proposed approach takes 3 vehicles' dwell pattern as input and the probability of BEVs being charged during their dwell time as 4 constraints. Charging congestion is taken into consideration and formulated using queueing theory. By 5 means of regression and logarithmic transformation, the optimization model is transformed into an ILP 6 problem and solved by Gurobi solver efficiently. The key findings from the results include the following: 7
(1) The dwell pattern of the taxi fleet determines the siting of charging stations, and 35 out of 666 8 candidate sites do not have to install chargers after optimization. (2) When waiting space is offered, the 9 utilization of chargers can be improved and the number of chargers can be reduced by 13.1% to 26.7%, 10 compared to charging stations with no waiting space. However, it will require more parking spots and 11 increase users' waiting time. (3) The tradeoff between installing more chargers versus providing more 12 waiting spaces depends on the cost ratio of chargers and parking spots, which varies with the charger 13 power and required reject rate as well. For 20 kW chargers, in order to satisfy at least 95% of the 14 charging demand, it is more economical to install more chargers instead of providing more waiting 15 spaces when the price of chargers is less than 23% of the cost of parking spots. 16
The main caveat of the proposed approach is that it does not account for the SOC when BEVs Tables  1   Table 1 
